Abstract: Accurate continuous daily evapotranspiration (ET) at the field scale is crucial for allocating and managing water resources in irrigation areas, particularly in arid and semi-arid regions. The authors integrated the modified perpendicular drought index (MPDI) as an indicator of water stress into surface energy balance system (SEBS) to improve ET estimation under water-limited conditions. The new approach fed with Chinese satellite HJ-1 (environmental and disaster monitoring and forecasting with a small satellite constellation) images was used to map daily ET on the desert-oasis irrigation fields in the middle of the Heihe River Basin. The outputs, including instantaneous sensible heat flux (H) and daily ET from the MPDI-integrated SEBS and the original SEBS model, were compared with the eddy covariance observations. The results indicate that the MPDI-integrated SEBS significantly improved the surface turbulent fluxes in water-limited regions, especially for sparsely vegetated areas. The new approach only uses one optical satellite data and meteorological data as inputs, providing a considerable operational improvement for ET mapping. Moreover, HJ-1 high-resolution data promised continuous daily ET at the field scale, which helps in understanding the corresponding relationships among field, crop, and water consumption. Such detailed ET information can greatly serve water resources management in the study area as well as other arid and semi-arid regions.
Introduction
Evapotranspiration (ET), the total amount of water evaporation from land and water surface and transpiration by vegetation, is considered to be the most active process in the terrestrial hydrological cycle and the major component of energy and water balance in agricultural systems [1] . It is a major consumptive use of precipitation and irrigation water on farmland. Agricultural water in the arid and semi-arid regions of China accounts for about 70% of total water use, more than 90% of which is consumed via evapotranspiration [2] . Any attempt to improve water use efficiency in water management must be based on reliable estimates of ET. Hence, understanding spatiotemporal variations in water use via evapotranspiration on irrigated fields is vital for facilitating the optimization The artificial oasis, the Gobi Desert, and the transitional zones between the oasis and desert are the dominant landscapes in the region. The Ganzhou districts are an important maize seed production base in Northwestern China. Maize is a predominant crop in these areas, covering more than 70% of the irrigated fields. Other plants include winter wheat, orchards, vegetables, alfalfa, cotton, and woods. During the growing season (from April to September), crops needs much water, but the rainfall is relatively small. The agriculture of this region depends heavily on irrigation water extracted from the Heihe River or from the aquifer. In the period of crop growth, the croplands are irrigated using flood irrigation at an interval of 20 days to one month. In 2012, the irrigation used 10.61 × 10 8 m 3 of surface water diverted from the Heihe River and 5.36 × 10 8 m 3 from pumping ground water in the middle reach oasis of the HRB [43] . The artificial oasis, the Gobi Desert, and the transitional zones between the oasis and desert are the dominant landscapes in the region. The Ganzhou districts are an important maize seed production base in Northwestern China. Maize is a predominant crop in these areas, covering more than 70% of the irrigated fields. Other plants include winter wheat, orchards, vegetables, alfalfa, cotton, and woods. During the growing season (from April to September), crops needs much water, but the rainfall is relatively small. The agriculture of this region depends heavily on irrigation water extracted from the Heihe River or from the aquifer. In the period of crop growth, the croplands are irrigated using flood irrigation at an interval of 20 days to one month. In 2012, the irrigation used 10.61 × 10 8 m 3 of surface water diverted from the Heihe River and 5.36 × 10 8 m 3 from pumping ground water in the middle reach oasis of the HRB [43] . 
Field Experimental Site
The field measurements used in this study were collected during HiWATER (Heihe Watershed Allied Telemetry Experimental Research), which was conducted in 2015 [44] . There were five ground observation stations in the study area: Daman, Huazhaizi, Shenshawo, Zhangye, and Gebi stations. The underlying surface and geographic information at the five sites are described in Figure 1 and Table 1 . An automatic weather station (AWS) was equipped with sensors for collecting data including temperature, wind speed and direction, air pressure, humidity, precipitation, soil moisture profile, solar radiation, four-component radiation, soil heat flux, and infrared temperature every 10 min over the whole year of 2015. All variables every 10 min were cumulated into the data of one day, then the daily data were interpolated into a map at a resolution of 30 m covering the study area with Kriging Interpolation.
Fluxes of sensible and latent heat used in the model evaluation were measured at Daman and Huazhaizi stations. The eddy covariance (EC) sensors were installed at the height 4.5 m above the ground. EC data were sampled at a frequency of 10 Hz and turbulent fluxes were recorded every 30 min. The Gaussian fitting method was used to interpolate the missing data [45] . The closure error of the EC measurements at the daily scale, in the case of the energy imbalance of EC system, was calculated based on the energy balance ratio (EBR) to correct the daily flux data [46] .
Satellite Data
The HJ-1 which includes three satellites (HJ-1A, HJ-1B and HJ-1C) was launched by the China Center for Resources Satellite Data and Applications (CRESDA) on 6 September 2008 (http://www. cresda.com/CN/). There were two optical charge coupled devices (CCDs) and a hyper-spectrum image (HIS) loaded on HJ-1A, and there were two CCDs and an infrared scanner (IRS) on HJ-1B. HJ-1A/B had a short revisit period (two days), high spatial resolution (30 m), and large cover area (700 km), which made it applicable to monitor the regional environment. The satellite sensor parameters of HJ-1 are provided in Table 2 . Considering the quality of remote sensing over the study area, the available satellite images obtained in the growth season of 2015 from April to October were selected ( Table 3 ). All of the images were subjected to geometric correction and atmospheric correction. Cropping planting structure was derived from HJ-1 CCDs data with a support vector machine (SVM), object-based method, and time-series analysis, with the overall accuracy for the crop classification reaching 84.09% [47] . The green (0.52-0.62 µm), red (0.63-0.69 µm), and near infrared (0.76-0.9 µm) bands of HJ-1 CCDs data were used to calculate the leaf area index (LAI) through a vegetation canopy radiation model developed by Jin et al. (2007) [48] .
Method

A Brief Description of SEBS
The surface energy balance model (SEBS) is a single source model and takes latent heat flux (λET) as the residual of the surface energy balance. It is proposed for the estimation of atmospheric turbulent fluxes and evaporative fraction using satellite earth observation data and meteorological information at proper scales [10] . The surface energy balance is normally written as:
where R n , G, H, and λET are the net radiation flux, soil surface heat flux, sensible heat flux, and latent heat flux, respectively. The units of these variables are W m −2 . Su et al. (2001) and Su (2002) detailed a set of equations for the estimation of the land surface physical parameters and variables, such as albedo, emissivity, vegetation coverage, land surface temperature, etc. [10, 49] . Sensible heat flux is derived from the similarity theory along with a dynamic roughness height formulation for the heat transfer. In the atmospheric surface layer (ASL), the similarity relationship for the profiles of the mean wind speed (u) and the mean temperature (T 0 − T a ) are usually described as:
where u is the mean wind speed; u* is the friction velocity (m s −1 ); k is the von Karman constant (0.4); z is the height above the land surface where the meteorological observations were made (m); C p is the specific heat of air at constant pressure (J kg −1 K −1 ); d 0 is the zero plane displacement height (m); and z 0h and z 0m are the surface roughness heights for heat and momentum transport (m); Ψ h and Ψ m are the stability correction functions for heat and momentum transport; g is the acceleration due to gravity (m s −2 ); θ v is the virtual temperature (K); L is the Obukhov length (m); T 0 and T a are the temperature of the land surface and air, respectively (K); and is the density of air (kg m −3 ). More details about the SEBS model can be found in Su (2002) [10] .
The MPDI-Integrated SEBS Model
Theoretically, d 0 + z 0h defines the level where the canopy exchanges sensible and latent heat with the atmosphere [50, 51] . Hence, z 0h constitutes one of the most crucial parameters for the accurate calculation of H [52] . The surface roughness height for heat (z 0h ) can be derived from:
ET, in arid and semi-arid regions, is limited not only by the available energy, but also by the available water [53] . When plants suffer from water stress, the leaf stomata on the top of the canopy gradually close, thus the air temperature on the top of the canopy increases due to solar radiation. However, the temperature fluctuation at the bottom of the canopy is relatively small due to the effect of leaf covers. This means the surface roughness height for heat transport moves to the canopy top, thereby z 0h rises, which induces sensible heat flux to increase, in turn reducing crop transpiration derived from soil moisture [33] . Therefore, adapting z 0h (via kB −1 ) by introducing soil moisture correction can remedy the shortcoming of the overestimation of ET using the SEBS model. Here, the modified perpendicular drought index (MPDI) proposed by Ghulam et al. (2007) was integrated into the SEBS bulk transfer equation for H (via kB −1 ). MPDI is based on the spatial distribution features of soil moisture in NIR-Red spectral space, taking into account both soil moisture and vegetation growth [54] . It provides a simple method to detect soil moisture condition and crop drought and has been extensively tested and verified over different climate and hydrologic regimes in China, Iran, and Thailand [55] [56] [57] . It is written as follows:
where R Red and R NIR refer to the atmospherically corrected reflectance of the red and near-infrared bands, respectively; M is the slope of the soil line; R v, Red and R v, NIR are the vegetation reflectance in the red and near-infrared bands, respectively; and f v represents fraction of vegetation. More details about MPDI can be found in Ghulam et al. (2007) [54] . The kB −1 value is modified using a scaling factor (f) represented by a reverse sigmoid function:
where
Here, kB
u is the updated kB −1 ; a, b, and c are the coefficients of the reverse sigmoid function. A reverse sigmoid function for SF was selected because it considerably lowers the kB −1 value for relatively dry conditions (high MPDI values), while soil moisture influence on the value of kB −1 is not significant for wet conditions (low MPDI values). Hence, it better fits the conceptual framework for a water-limited evapotranspiration regime [53] . The new calculation process for daily ET with the MPDI-integrated SEBS model is shown in Figure 2 .
To obtain the coefficients of the reverse sigmoid function, the authors calibrated the MPDI-integrated SEBS using EC flux observations at Daman station. Cloud-free HJ-1 data from 2015 were used to determine the coefficients (a, b, and c) of sigmoid function through an optimization by reducing the error between the observed and modeled sensible heat flux values from EC and SEBS. The parameters a, b, and c were determined as 0.024, 3.1, and 1.6, respectively. The reverse sigmoid function for SF-MPDI availably decreased the kB −1 value, thereby increasing z 0h at water stress conditions. Figure 3 shows that the upper boundary is slightly above 1. That might be because the initial effect of soil evaporation before water stress slightly lowers rather than increase z 0h when taking into account the plant physiological discussion [58] . 
Results and Discussion
Comparison of Observed H with SEBS and MPDI-Integrated SEBS
To be able to analyze whether integrating MPDI into SEBS via kB −1 improves the sensible heat (H) estimates in the study region, the H observations from EC (HEC) at the HJ-1 transit time were compared with H calculated by SEBS (HSEBS) and MPDI-integrated SEBS (HSEBS-MPDI). 
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To be able to analyze whether integrating MPDI into SEBS via kB −1 improves the sensible heat (H) estimates in the study region, the H observations from EC (H EC ) at the HJ-1 transit time were compared with H calculated by SEBS (H SEBS ) and MPDI-integrated SEBS (H SEBS-MPDI ). To further study the behavior of the two methods under low soil moisture and high soil moisture, the time series of soil moisture and the sensible heat fluxes of HEC, HSEBS, and HSEBS-MPDI in the Daman station and the Huazhaizi station were plotted in Figure 5 . At Daman station, from late May to August, intensive rainfall or irrigation led the soil moisture to maintain a relatively high level (>0.30 m 3 /m 3 ) sometimes. Although rain caused soil moisture to fluctuate during growing season, the values for soil moisture mostly stayed low (<0.20 m 3 /m 3 ) at Huazhaizi station. Table 4 shows the error evaluation of HSEBS and HSEBS-MPDI based on EC observations under low soil moisture and high soil moisture conditions. When soil moisture was less than or equal to 0.30 m 3 /m 3 , a large reduction in the root mean square error (RMSE) occurred and the mean absolute error (MAE) leapt from 58.17 W m −2 to 7.06 W m −2 , which indicated that the MPDI-integrated SEBS significantly improved the underestimation of H for the SEBS model. When soil moisture was greater than 0.30 m 3 /m 3 , the RMSEs and MAEs between HSEBS and HSEBS-MPDI were close, which implied that the MPDI-integrated SEBS model slightly refined the SEBS model when adequate soil water was available. Seneviratne et al. revealed in 2010 that the process of evapotranspiration is controlled by the available energy rather than the soil moisture when the area is under saturated moisture conditions [54] . This is the reason why the MPDI-integrated SEBS cannot significantly improve the performance of the SEBS model under high soil moisture conditions. To further study the behavior of the two methods under low soil moisture and high soil moisture, the time series of soil moisture and the sensible heat fluxes of H EC , H SEBS , and H SEBS-MPDI in the Daman station and the Huazhaizi station were plotted in Figure 5 . At Daman station, from late May to August, intensive rainfall or irrigation led the soil moisture to maintain a relatively high level (>0.30 m 3 /m 3 ) sometimes. Although rain caused soil moisture to fluctuate during growing season, the values for soil moisture mostly stayed low (<0.20 m 3 /m 3 ) at Huazhaizi station. Table 4 shows the error evaluation of H SEBS and H SEBS-MPDI based on EC observations under low soil moisture and high soil moisture conditions. When soil moisture was less than or equal to 0.30 m 3 /m 3 , a large reduction in the root mean square error (RMSE) occurred and the mean absolute error (MAE) leapt from 58.17 W m −2 to 7.06 W m −2 , which indicated that the MPDI-integrated SEBS significantly improved the underestimation of H for the SEBS model. When soil moisture was greater than 0.30 m 3 /m 3 , the RMSEs and MAEs between H SEBS and H SEBS-MPDI were close, which implied that the MPDI-integrated SEBS model slightly refined the SEBS model when adequate soil water was available. Seneviratne et al. revealed in 2010 that the process of evapotranspiration is controlled by the available energy rather than the soil moisture when the area is under saturated moisture conditions [54] . This is the reason why the MPDI-integrated SEBS cannot significantly improve the performance of the SEBS model under high soil moisture conditions. To further study the behavior of the two methods under low soil moisture and high soil moisture, the time series of soil moisture and the sensible heat fluxes of HEC, HSEBS, and HSEBS-MPDI in the Daman station and the Huazhaizi station were plotted in Figure 5 . At Daman station, from late May to August, intensive rainfall or irrigation led the soil moisture to maintain a relatively high level (>0.30 m 3 /m 3 ) sometimes. Although rain caused soil moisture to fluctuate during growing season, the values for soil moisture mostly stayed low (<0.20 m 3 /m 3 ) at Huazhaizi station. Table 4 shows the error evaluation of HSEBS and HSEBS-MPDI based on EC observations under low soil moisture and high soil moisture conditions. When soil moisture was less than or equal to 0.30 m 3 /m 3 , a large reduction in the root mean square error (RMSE) occurred and the mean absolute error (MAE) leapt from 58.17 W m −2 to 7.06 W m −2 , which indicated that the MPDI-integrated SEBS significantly improved the underestimation of H for the SEBS model. When soil moisture was greater than 0.30 m 3 /m 3 , the RMSEs and MAEs between HSEBS and HSEBS-MPDI were close, which implied that the MPDI-integrated SEBS model slightly refined the SEBS model when adequate soil water was available. Seneviratne et al. revealed in 2010 that the process of evapotranspiration is controlled by the available energy rather than the soil moisture when the area is under saturated moisture conditions [54] . This is the reason why the MPDI-integrated SEBS cannot significantly improve the performance of the SEBS model under high soil moisture conditions. The specific comparison of instantaneous H estimated by SEBS with and without the integration of MPDI on an early dry summer day of 4 May, 2015 (day of year (DOY) 124) is plotted in Figure 6 . At this time of year, maize was still in the seedling stage. The high MPDI (MPDI > 0.5) and bare to very sparse conditions (LAI < 2) observed in most of the study region confirmed water-limited conditions with sparse vegetation (e.g., purple circles in Figure 6 ). Accordingly, the instantaneous H estimated by the MPDI-integrated SEBS had the largest increase with about 42.5 W m −2 in these areas. The red circles in Figure 6 represent samples with relatively high vegetation (LAI > 4) but low soil moisture conditions (MPDI > 0.5), where the pixels are wheat parcels, orchard, and vegetables, which is consistent with the planting structure as shown in Figure 1 . There was a moderate increase in these areas, with about 22.5 W m −2 of H. Regarding the wetland or open water area (e.g., river) where adequate water was available (MPDI < 0.2), the MPDI-integrated SEBS model showed little impact on H. The implementation of the MPDI-integrated SEBS better depicts H rising under water stress conditions through an increase in z0h. As explained in Section 2.2., in areas under water stress, low soil moisture availability decreases the kB −1 value, thereby increasing the surface roughness of heat transport (z0h). The specific comparison of instantaneous H estimated by SEBS with and without the integration of MPDI on an early dry summer day of 4 May, 2015 (day of year (DOY) 124) is plotted in Figure 6 . At this time of year, maize was still in the seedling stage. The high MPDI (MPDI > 0.5) and bare to very sparse conditions (LAI < 2) observed in most of the study region confirmed water-limited conditions with sparse vegetation (e.g., purple circles in Figure 6 ). Accordingly, the instantaneous H estimated by the MPDI-integrated SEBS had the largest increase with about 42.5 W m −2 in these areas. The red circles in Figure 6 represent samples with relatively high vegetation (LAI > 4) but low soil moisture conditions (MPDI > 0.5), where the pixels are wheat parcels, orchard, and vegetables, which is consistent with the planting structure as shown in Figure 1 . There was a moderate increase in these areas, with about 22.5 W m −2 of H. Regarding the wetland or open water area (e.g., river) where adequate water was available (MPDI < 0.2), the MPDI-integrated SEBS model showed little impact on H. The implementation of the MPDI-integrated SEBS better depicts H rising under water stress conditions through an increase in z 0h . As explained in Section 2.2., in areas under water stress, low soil moisture availability decreases the kB −1 value, thereby increasing the surface roughness of heat transport (z 0h ). The specific comparison of instantaneous H estimated by SEBS with and without the integration of MPDI on an early dry summer day of 4 May, 2015 (day of year (DOY) 124) is plotted in Figure 6 . At this time of year, maize was still in the seedling stage. The high MPDI (MPDI > 0.5) and bare to very sparse conditions (LAI < 2) observed in most of the study region confirmed water-limited conditions with sparse vegetation (e.g., purple circles in Figure 6 ). Accordingly, the instantaneous H estimated by the MPDI-integrated SEBS had the largest increase with about 42.5 W m −2 in these areas. The red circles in Figure 6 represent samples with relatively high vegetation (LAI > 4) but low soil moisture conditions (MPDI > 0.5), where the pixels are wheat parcels, orchard, and vegetables, which is consistent with the planting structure as shown in Figure 1 . There was a moderate increase in these areas, with about 22.5 W m −2 of H. Regarding the wetland or open water area (e.g., river) where adequate water was available (MPDI < 0.2), the MPDI-integrated SEBS model showed little impact on H. The implementation of the MPDI-integrated SEBS better depicts H rising under water stress conditions through an increase in z0h. As explained in Section 2.2., in areas under water stress, low soil moisture availability decreases the kB −1 value, thereby increasing the surface roughness of heat transport (z0h). 
Assesing the Performance of Daily ET Estimated by MPDI-Integrated SEBS Using HJ-1 Data
The continuous daily ET (ETd) through the whole growing season estimated by the MPDIintegrated SEBS (ETSEBS-MPDI) and the original SEBS (ETSEBS) using HJ-1 data are compared with EC measurements in Figure 7 . The results exhibit a clear overestimation in the ETd produced by the original SEBS, with scatter points above the 1:1 line, and the slope for the linear regressions was 1.19. A better agreement was obtained between measured ET and ETSEBS-MPDI, with scatter points around the 1:1 line, and the slope for the linear regressions was 1.01. Regarding results from the MPDIintegrated SEBS model, R 2 was 0.89, which indicated a strong correlation between measured ET and ETSEBS-MPDI. MAE and lower RMSE demonstrated that the modified SEBS model made a good improvement in ETd estimation for the irrigated oasis. Corresponding to Section 3.1., the modeled ET clearly was improved when the MPDI was integrated into SEBS under low soil moisture condition (SM ≤ 0.30 m 3 /m 3 ); the RMSE and MAE decreased by 0.93 mm and 0.70 mm, respectively (Table 5) . When soil moisture was greater than 0.30 m 3 /m 3 , the RMSEs and MAEs between ET estimated by the SEBS and that estimated by the MPDI-integrated SEBS were close. This indicated that the MPDIintegrated SEBS model slightly improved the overestimation of the SEBS model when adequate soil moisture was available. In addition, we found that the simulated ET was always overestimated compared with EC measurements since September when the field was covered by maize residue (see Figure 8a ). Similar overestimation results of ET due to crop residues have been reported by Odhiambo and Irmak (2012) [59] . 
The continuous daily ET (ET d ) through the whole growing season estimated by the MPDI-integrated SEBS (ET SEBS-MPDI ) and the original SEBS (ET SEBS ) using HJ-1 data are compared with EC measurements in Figure 7 . The results exhibit a clear overestimation in the ET d produced by the original SEBS, with scatter points above the 1:1 line, and the slope for the linear regressions was 1.19. A better agreement was obtained between measured ET and ET SEBS-MPDI , with scatter points around the 1:1 line, and the slope for the linear regressions was 1.01. Regarding results from the MPDI-integrated SEBS model, R 2 was 0.89, which indicated a strong correlation between measured ET and ET SEBS-MPDI . MAE and lower RMSE demonstrated that the modified SEBS model made a good improvement in ET d estimation for the irrigated oasis. Corresponding to Section 3.1., the modeled ET clearly was improved when the MPDI was integrated into SEBS under low soil moisture condition (SM ≤ 0.30 m 3 /m 3 ); the RMSE and MAE decreased by 0.93 mm and 0.70 mm, respectively (Table 5 ). When soil moisture was greater than 0.30 m 3 /m 3 , the RMSEs and MAEs between ET estimated by the SEBS and that estimated by the MPDI-integrated SEBS were close. This indicated that the MPDI-integrated SEBS model slightly improved the overestimation of the SEBS model when adequate soil moisture was available. In addition, we found that the simulated ET was always overestimated compared with EC measurements since September when the field was covered by maize residue (see Figure 8a) . Similar overestimation results of ET due to crop residues have been reported by Odhiambo and Irmak (2012) [59] . 
The continuous daily ET (ETd) through the whole growing season estimated by the MPDIintegrated SEBS (ETSEBS-MPDI) and the original SEBS (ETSEBS) using HJ-1 data are compared with EC measurements in Figure 7 (Table 5) . When soil moisture was greater than 0.30 m 3 /m 3 , the RMSEs and MAEs between ET estimated by the SEBS and that estimated by the MPDI-integrated SEBS were close. This indicated that the MPDIintegrated SEBS model slightly improved the overestimation of the SEBS model when adequate soil moisture was available. In addition, we found that the simulated ET was always overestimated compared with EC measurements since September when the field was covered by maize residue (see Figure 8a ). Similar overestimation results of ET due to crop residues have been reported by Odhiambo and Irmak (2012) [59] . Figure 9 shows the spatial distributions and frequencies of ETd generated by SEBS with and without the integration of MPDI on 3 July 2015 (DOY 185). Although it rained the day before, an obvious improvement of ETd estimates after integrating MPDI occurred. The difference of the spatial mean of ETd estimates from the original SEBS and the MPDI-integrated SEBS reached 0.8 mm d −1 . The low ET values presented dry sandy land and wheat parcels while spring wheat had matured and soil moisture was low due to less irrigation. The ET for these parcels mostly declined to 1 mm. The high Figure 9 shows the spatial distributions and frequencies of ET d generated by SEBS with and without the integration of MPDI on 3 July 2015 (DOY 185). Although it rained the day before, an obvious improvement of ET d estimates after integrating MPDI occurred. The difference of the spatial mean of ET d estimates from the original SEBS and the MPDI-integrated SEBS reached 0.8 mm d −1 . The low ET values presented dry sandy land and wheat parcels while spring wheat had matured and soil moisture was low due to less irrigation. The ET for these parcels mostly declined to 1 mm. The high ET values presented at well-irrigated, densely planted maize plots and water surfaces, where the difference of ET values given by the original SEBS and the SM-integrated SEBS was very small. The pixel numbers of ET above 5.0 mm d −1 decreased from 2.8% to less than 1% for the study region. ET values presented at well-irrigated, densely planted maize plots and water surfaces, where the difference of ET values given by the original SEBS and the SM-integrated SEBS was very small. The pixel numbers of ET above 5.0 mm d −1 decreased from 2.8% to less than 1% for the study region. 
Spatial and Temporal Variability of Evapotranspiration at the Field Scale
Spatial distribution of daily ET at the field-scale is essential to understand the water consumption pattern over a whole field region to irrigate rationally. Figure 10a ,b show the distribution of irrigated fields in Daman, where plants mainly include maize, winter wheat, and orchards. Water consumption via the ET of individual fields was captured by the MPDI-integrated model using HJ-1 images on 24 May and 3 July 2015 (DOY 144). To understand the variability of water consumption via ET for a specific crop, we overlaid the field boundaries of cropland provided by "Heihe Plan Science Data Center, National Natural Science Foundation of China" (http://www.heihedata.org). There was high variability of evapotranspiration over agricultural fields, which was strongly linked to the crop planting structure. Most of the pixels of high ET value (ET > 4 mm d −1 ) presented well-irrigated wheat parcels when winter wheat was in the heading stage, with LAI > 3 on 24 May 2015. The maize pixels maintained a low ET value of less than 2 mm, which was still in the tillering stage with LAI < 2. When it came to 3 July, the high ET values (ET > 5 mm d −1 ) occurred at well-irrigated maize parcels in the heading stages with LAI > 4. Wheat harvesting in July caused the field's ET to decline to less than 2 mm. Meanwhile, the orchard field maintained a relatively high daily ET through the growing season. Based on the high spatial variability of ET at the field scale, an individual farmer could use water consumption information for his/her field to understand the relationship between water application and yield for improved water management. 
Spatial distribution of daily ET at the field-scale is essential to understand the water consumption pattern over a whole field region to irrigate rationally. Figure 10a ,b show the distribution of irrigated fields in Daman, where plants mainly include maize, winter wheat, and orchards. Water consumption via the ET of individual fields was captured by the MPDI-integrated model using HJ-1 images on 24 May and 3 July 2015 (DOY 144). To understand the variability of water consumption via ET for a specific crop, we overlaid the field boundaries of cropland provided by "Heihe Plan Science Data Center, National Natural Science Foundation of China" (http://www.heihedata.org). There was high variability of evapotranspiration over agricultural fields, which was strongly linked to the crop planting structure. Most of the pixels of high ET value (ET > 4 mm d −1 ) presented well-irrigated wheat parcels when winter wheat was in the heading stage, with LAI > 3 on 24 May 2015. The maize pixels maintained a low ET value of less than 2 mm, which was still in the tillering stage with LAI < 2. When it came to 3 July, the high ET values (ET > 5 mm d −1 ) occurred at well-irrigated maize parcels in the heading stages with LAI > 4. Wheat harvesting in July caused the field's ET to decline to less than 2 mm. Meanwhile, the orchard field maintained a relatively high daily ET through the growing season. Based on the high spatial variability of ET at the field scale, an individual farmer could use water consumption information for his/her field to understand the relationship between water application and yield for improved water management. Irrigation management requires continuous daily ET, especially during growth seasons, so ET losses can be compensated for by applying the proper quantity of water at the right time to meet the plant water demands. Here, based on HJ-1 data, the complete daily time series of ET estimates were obtained by using the cubic spline interpolation method to fill in the gaps of daily ET during the 33 cloudless days [54] . The areal statistical means of daily ET for the main land-cover types in Ganzhou through the whole growing season in 2015 are presented in Figure 9 . Obviously, the high temporal resolution of HJ-1 promised more satellite images to capture the dynamic changes of the daily ET. These dynamic traits of daily ET included the day-to-day fluctuations related to changes in meteorological forcing (i.e., solar radiation, air temperature, and humidity) and sporadic peaks due to the increase in soil evaporation fluxes after rainfall or irrigation events (i.e., such as the peak values on DOY 132, 158, 176, 184 188, 208, 235, see Figure 6b ).
Moreover, the modeling of ET at such detailed temporal resolution allows the ability to capture long-term (weekly/monthly) trends, primarily dictated by plant growth (see Figure 11 ). The mean daily ET for different land-cover types showed similar seasonality with an increasing trend since the beginning of the growing season (late April) and a decreasing trend since September. Peak values of daily ET for most land-cover types appeared in July, while the winter wheat reached its highest ET value (7.2 mm d −1 ) in mid-June. The ET of wheat fields was obviously lower than that of the other vegetation types when the winter wheat was in its maturity period in summer. Among the vegetation classes, the ET values of maize fields were found to be always higher than those of the other landcover types in June and July, when maize was in the jointing stage. Abundant water supply to the maize field from frequent flooding irrigation was the most general way to ensure the growth of seed maize under no-stress conditions for better seed production in Ganzhou. This apparently resulted in soil water content reaching its field capacity and, in turn, large daily ET. Other types of crops (maize, wheat, and soybean) were intercropped in the orchard field in different seasons. Frequent irrigation to these crops led to the orchard maintain a relatively high daily ET during the growing season. Irrigation management requires continuous daily ET, especially during growth seasons, so ET losses can be compensated for by applying the proper quantity of water at the right time to meet the plant water demands. Here, based on HJ-1 data, the complete daily time series of ET estimates were obtained by using the cubic spline interpolation method to fill in the gaps of daily ET during the 33 cloudless days [54] . The areal statistical means of daily ET for the main land-cover types in Ganzhou through the whole growing season in 2015 are presented in Figure 9 . Obviously, the high temporal resolution of HJ-1 promised more satellite images to capture the dynamic changes of the daily ET. These dynamic traits of daily ET included the day-to-day fluctuations related to changes in meteorological forcing (i.e., solar radiation, air temperature, and humidity) and sporadic peaks due to the increase in soil evaporation fluxes after rainfall or irrigation events (i.e., such as the peak values on DOY 132, 158, 176, 184 188, 208, 235, see Figure 6b) .
Moreover, the modeling of ET at such detailed temporal resolution allows the ability to capture long-term (weekly/monthly) trends, primarily dictated by plant growth (see Figure 11 ). The mean daily ET for different land-cover types showed similar seasonality with an increasing trend since the beginning of the growing season (late April) and a decreasing trend since September. Peak values of daily ET for most land-cover types appeared in July, while the winter wheat reached its highest ET value (7.2 mm d −1 ) in mid-June. The ET of wheat fields was obviously lower than that of the other vegetation types when the winter wheat was in its maturity period in summer. Among the vegetation classes, the ET values of maize fields were found to be always higher than those of the other land-cover types in June and July, when maize was in the jointing stage. Abundant water supply to the maize field from frequent flooding irrigation was the most general way to ensure the growth of seed maize under no-stress conditions for better seed production in Ganzhou. This apparently resulted in soil water content reaching its field capacity and, in turn, large daily ET. Other types of crops (maize, wheat, and soybean) were intercropped in the orchard field in different seasons. Frequent irrigation to these crops led to the orchard maintain a relatively high daily ET during the growing season. 
Conclusions
To solve the problem of the overestimation of ET for vegetation in water stress conditions, this study proposed an approach to improve the accuracy of ET estimates through integrating MPDI as an indicator of soil moisture into the SEBS model through a modified definition of kB −1 . The new approach was tested by comparing it with observations from the EC tower. The results indicated a clear improvement of H with 42.5 W m −2 for the case of sparse vegetation with low soil moisture. Regarding the agricultural crops with relatively high soil moisture, there was a moderate improvement with 22.5 W m −2 . Accordingly, the MPDI-integrated SEBS approach significantly remedied the shortcoming of overestimating evapotranspiration under water-limited conditions. The daily ET map generated by the MPDI-integrated SEBS had a higher spatial variability compared to the original SEBS and was able to better distinguish between the irrigated fields and the neighboring dry areas in arid and semi-arid regions.
The authors carried out crop evapotranspiration estimation at the field scale in the Ganzhou irrigation districts in 2015 using the MPDI-integrated SEBS model and HJ-1 images. The results showed that the spatial resolution of HJ-1 provided valuable information regarding the spatial variability of ET within fields. Furthermore, the relatively short revisit period permitted the capture of the dynamic change of crop daily ET, especially of a few peak values after rainfall or irrigation events. Based on the day-by-day dynamics of ET, the temporal variation of crop ET changed with clear seasonality, which was closely related to the crops' phenophase. The field to field and crop to crop variability in evapotranspiration provide substantial information about crop consumption via ET for agricultural water management in arid and semi-arid regions. The authors were able to successfully leverage the capacity of HJ-1 satellite images in a way that can provide both integrative and quantitative visual and analytical components for the study of water use and availability.
The MPDI-integrated SEBS model only requires HJ-1 data and meteorological data as inputs, providing an effective way to obtain high spatial resolution soil moisture information for the SEBS model under water-limited conditions, especially for sparsely vegetated surfaces. The scheme effectively resolves the overestimation of ET in areas with sparsely vegetated surfaces under water stress conditions. However, the estimation of ET in dense vegetation areas still need to be improved. On the one hand, there are uncertainties in the parameterization schemes of the land surface parameters and daily net radiation, which are usually related to the study region and the selected sensors. On the other hand, MPDI is not sensitive to soil moisture variation for dense vegetation. 
The MPDI-integrated SEBS model only requires HJ-1 data and meteorological data as inputs, providing an effective way to obtain high spatial resolution soil moisture information for the SEBS model under water-limited conditions, especially for sparsely vegetated surfaces. The scheme effectively resolves the overestimation of ET in areas with sparsely vegetated surfaces under water stress conditions. However, the estimation of ET in dense vegetation areas still need to be improved.
On the one hand, there are uncertainties in the parameterization schemes of the land surface parameters and daily net radiation, which are usually related to the study region and the selected sensors. On the other hand, MPDI is not sensitive to soil moisture variation for dense vegetation. When the leaf area index is more than 5 (see Figure 5a) , the function of MPDI in regulating kB −1 will be reduced as the canopy density increases. In fact, MPDI present a strong correlation with the normalized difference vegetation index (NDVI) related to canopy density [55] . Future study will consider the removal of this correlation in order to capture the vegetation stress. 
